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Abstract—Online restaurant reviews have grown in number 

significantly providing an excellent source of customer reviews 

for analyzing quality of the food, services offered, ambiance of 

the place, pricing policy and other aspects of customers' dining 

experience. Hence, restaurant review sentiment classification is 

a good way to classify customer opinions into positive, negative 

and neutral sentiments automatically. This review paper gives a 

comprehensive overview of sentiment analysis techniques used 

for sentiment classification of restaurant customers' reviews. It 

gives an insight into the history of development of these 

algorithms from the feature engineering era to modern ML-

based approaches. It explores different types of sentiment 

analysis techniques, features of restaurant reviews, application 

areas and challenges of using these algorithms. Comparative 

analysis of existing research papers on this topic helps to 

understand their advantages, weaknesses and further 

perspectives. Thus, it can be seen that while traditional methods 

of sentiment classification are rather computationally effective, 

their contextual understanding is quite low in contrast to 

transformer- and language models-based techniques. 

Keywords—Restaurant Reviews, Sentiment Analysis, Natural 

Language Processing, Machine Learning, Deep Learning, Large 

Language Models, Aspect-Based Sentiment Analysis. 

I. INTRODUCTION 

The current generation of consumers depends on online 
reviews in making informed decisions concerning products 
and services owing to the development of digital technology. 
Online reviews have been crucial in the restaurant industry, 
affecting consumers and businesses. This is due to the fact that 
millions of people can post their dining experience on 
websites such as Yelp, TripAdvisor, and Google Reviews, 
leading to a goldmine of data for restaurants and consumers 
[1][2]. However, there are several difficulties in manually 
processing and understanding this enormous volume of 
textual data. The more evaluations there are, the more difficult 
it becomes for restaurant managers to read and analyze each 
one for useful information. It is also difficult to assess general 

consumer satisfaction on a large scale since reviews differ in 
length, content quality, writing style, and sentiment [3]. 

A natural language processing technology, sentiment 
analysis has evolved to address these challenges. The purpose 
of sentiment analysis is to automatically determine if a piece 
of text suggests a positive, negative, or neutral attitude [4]. 
Sentiment categorization may assist restaurant managers and 
owners better comprehending customer attitudes in the 
context of evaluations, allowing them to make well-informed 
judgments regarding client preferences, changes, and overall 
service quality. The system evaluates consumer comments 
and classifies them as either positive, negative, or neutral 
sentiment using a number of ML and NLP approaches. A 
comprehensive evaluation of current methods, their strengths 
and weaknesses, and knowledge gaps in restaurant review 
sentiment analysis is further motivated by the ongoing 
transition from conventional ML to DL, transformers, and 
LLMs. 

A. Structure of the Paper 

This is the structure of the rest of the paper. The basics of 
sentiment analysis for restaurant reviews are laid forth in 
Section II. Machine learning methodologies and possibilities 
are covered in Section III. The review of previous research is 
presented in Section IV. Section V closes the report by 
summarizing the review's primary results and identifying 
possible future research topics. 

II. FUNDAMENTALS OF RESTAURANT REVIEW SENTIMENT 

CLASSIFICATION 

Sentiment analysis for restaurant reviews uses natural 
language processing and ML to extract thoughts from 
reviewers' online comments. It looks at things like meal 
quality, service, atmosphere, pricing, and customer happiness, 
and then sorts feedback into good, bad, or neutral attitudes. In 
order to better serve their customers, restaurants can use this 
data to learn about their preferences. 
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A. Sentiment Analysis 

 

Fig. 1. Several Types of Sentiment Analysis 

The phrase "sentiment analysis" can refer to a number of 
different approaches for finding the degree to which a piece of 
writing expresses a favorable or negative viewpoint. A time-
consuming process is the manual marking of emotional 
phrases. To automate the sentiment analysis method, two 
common approaches are used. The sentiment analysis 
primarily examines three types of sentiment: neutral, negative, 
and positive. It takes into account the text’s intent (exciting or 
not), emotions and sentiments (glad, sad, furious, etc.), and 
urgency (urgent or not urgent). Figure 1 shows different types 
of SA. 

• Fine-Grained Sentiment Analysis: It offers deeper 
SA than just positive and negative classification. 
Sentiment scores or labels expressing differences in 
sentiment, such as very positive, somewhat positive, 
neutral, slightly negative, and very negative, are 
provided instead of only identifying text as positive or 
negative. It uses sentiment analysis on a variety of 
newspapers to forecast economic development based 
on a number of different scenarios [5]. 

• Emotion Detection: Sentiment analysis mainly 
examines emotions. Different types of feelings, such 
as happiness, sadness, rage, depression, etc., are 
represented by other emotions. It is possible to analyze 
a user’s or client’s emotions by applying ML or DL 
algorithms. In some situations, it can be challenging to 
discern feelings and emotions from SM [6].  

• Aspect-Based Sentiment Analysis (ABSA): ABSA 
tries to specify the sentiments connected with several 
components or people addressed in the text and the 
overall feeling of the text. For instance, ABSA can 
collect opinions regarding several product attributes, 
such as characteristics, functionality, or cost, in a 
product review [7][8]. ABSA obtained high popularity 
based on sub-fields belongs to aspect-based sentiment 
tasks.  

• Multilingual Sentiment Analysis: SA and sentiment 
extraction from multilingual text are the main areas of 
study for NLP. Developing models and methods to 
evaluate sentiment across languages efficiently is 
complex in multilingual environments. It entails 
adjusting to differences in slang, grammar, syntax, 
cultural quirks, and sentiment expression between 
languages [9].  

B. Applications of Sentiment Analysis 

The thoughts and preferences of customers may be better 
understood using sentiment analysis, which is extensively 
used in restaurant evaluations. It helps evaluate food quality, 

service performance, customer satisfaction, pricing, and 
overall dining experiences [10][11]. The analysis also 
supports restaurant recommendation, complaint 
identification, reputation management, personalized 
marketing, customer preference prediction, and data-driven 
business decision-making. Figure 2 depicts the real-world use 
of sentiment analysis in this section. 

 

Fig. 2. Applications of Sentiment Analysis 

• Government intelligence: A plethora of remarks on 
current events, daily living, and political and social hot 
topics have emerged with the rise of internet social 
media [12]. The government may keep an eye on 
possible public responses by using SA to get opinions 
on current social issues or policy. The government 
should take appropriate action or create relevant 
policies. This research analyzed tweets sent by US 
municipal governments to determine the extent to 
which public sentiment shapes their engagement with 
citizens through social media. 

• Healthcare domain: An increasing number of 
healthcare and medical institutions are using SA 
(sentiment analysis). Professionals in the medical field 
may use this tool to better serve their patients by 
collecting and analyzing data on illnesses, adverse 
medication responses, epidemics, and patient emotions 
[13]. 

• Review of consumer product and service: In the real 
world, many automated websites are playing the role 
of gathering reviews from customers. Example: 
Google product search [14]. This would meet the 
demands of both consumers and merchants. The online 
opinion decides the success or failure of their product. 
Hence, businesses tend to grab online reviews to 
improve their product as well as gain customer 
satisfaction. 

• Result Prediction: The outcome of an event like 
election can be predicted. It helps the managers to have 
a lookout for the voters' views about the various issues 
and their attitude towards the verbal communication 
and actions of the candidate.  

• As a Sub-component Technology: A recommender 
system typically allows no negative feedback or 
ratings of online communication to be displayed, 
whereas the sentiment predictor system identifies a 
highly negative sentiment. 

• Decision making: These diverse sources are used by 
sentiment analysis to locate articles that address the 
total score.  Each stock's favorable and negative 
sentiment is visually shown by the Stock Sonar. 
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C. Restaurant Review Characteristics 

Restaurant evaluations may be somewhat subjective when 
it comes to evaluating many aspects such as meal quality, 
service, atmosphere, cleanliness, pricing, location, and overall 
eating experience. Customers commonly express satisfaction 
or dissatisfaction through descriptive comments, ratings, 
recommendations, and complaints [15]. By analyzing these 
features (shown in Figure 3), may learn a lot about what 
customers want, how well restaurants are doing, and whether 
evaluations are good, negative, or neutral rated using 
sentiment analysis. 

 

Fig. 3. Restaurant Reviews Characteristic  

1) Food Quality 
Customers' satisfaction with their dining experience was 

most affected by the quality of the cuisine, which is a crucial 
component of every restaurant. emphasized that, from the 
perspective of the client, food quality is a crucial component 
in choosing a restaurant. looked at the quality of food as an 
empirical research demonstrating how important it is in 
restaurant settings. They find that meal quality and 
satisfaction/compliance intentions are positively correlated. 
recently examined how customer pleasure and behavioral 
intentions are impacted by food quality. Food consistency was 
determined using a variety of factors. 

2) Service Quality 
Quality is achieving estimated criteria and their regular 

maintenance, i.e. a continuing process. This is an intriguing 
definition of service quality in the hotel sector. With the most 
broad range of costly hotel services, high-class hotels provide 
the highest standards and goods. Hotels of the economy class 
provide a restricted range of services at lower prices and with 
lower-quality items. The expectation of eating out has 
changed due to changes in social environment, improved 
education, a thriving culinary culture, increased knowledge of 
healthier food options, and cultural influences [16]. 

3) Customer Experience 
Often, companies compete on the experiences they offer 

consumers, and social networks are very useful for designing 
those experiences because they have user-generated content 
about their human experiences. Therefore, information from 
social networks helps companies create experiences for 
consumers [17]. Social networks become the most important 
professional means of communicating restaurant content, 
enabling them to achieve market positioning. Also, it is 
necessary to know the expectations of potential customers 
[18]. 

D. Challenges of Restaurant Review Sentiment Analysis  

Restaurant review sentiment analysis faces several 
challenges, including sarcasm, irony, ambiguous opinions, 
and difficulty in identifying sentiment at the aspect level. 
Multilingual and code-mixed reviews, fake reviews, class 
imbalance, informal language, spelling errors, negation, 
limited datasets, and model interpretability further affect the 
accuracy and reliability of sentiment classification systems. 

1) Sarcasm and Irony Detection 
The use of irony and sarcasm is an integral part of human 

communication, with its origins in subtle expressiveness and 
interpersonal dynamics. Though they are employed 
differently and have distinct consequences, both occurrences 
require expressing something that contradicts the intended 
meaning [19]. The interpretation and comprehension of 
sarcasm and irony are profoundly dependent on context. Raise 
awareness of the nuanced dynamics at play in situational 
irony, which seeks to evoke feelings by defying expectations. 
Sometimes people confuse irony with sarcasm.  

2) Aspect-Level Sentiment Classification 
Sentiment Analysis at the Aspect Level is more 

challenging than Sentiment Analysis at the sentence or 
Document Levels because it is more difficult to accurately 
identify the sentiment tendencies associated with specific 
aspects at the sentence level [20]. The task requires a more 
precise and intricate algorithm since it pushes the model to 
comprehend the text more thoroughly and explore the 
sentiment information linked to certain parts of the phrase. 

3) Multilingual and Code-Mixed Reviews 
Multilingual and code-mixed restaurant reviews create 

challenges for sentiment analysis because customers may 
combine two or more languages within a single sentence. 
Varying grammatical structures, vocabulary usage, slang, 
transliteration, and cultural references can lower the efficiency 
of classification [21]. Therefore, to achieve efficient analysis, 
multilingual models must be used alongside appropriate pre-
processing and various sets of data. 

III. EVOLUTION OF MACHINE LEARNING STRATEGIES FOR 

RESTAURANT REVIEW SENTIMENT CLASSIFICATION 

The development of ML techniques for sentiment 
classification of restaurant reviews can be traced through the 
shift from traditional ML to DL. This includes the 
improvement of representation of features, model 
architecture, and contextual learning.  

A. Traditional Machine Learning Approaches 

Traditional ML approaches that included NB, SVM, LR, 
DT, and RF have been mostly utilized in earlier studies 
concerning restaurant sentiment classification. These types of 
models use manually crafted features that include TF-IDF, 
Bag of Words, and n-grams. This approach has limited ability 
to understand long-range relationships and context in 
customer reviews, although it is comparatively easy and 
computationally efficient. 

B. Feature Engineering and Text Representation 

The efficiency of conventional classifier models is highly 
dependent upon how the text of reviews is represented. The 
representation of textual data into numerical representation 
can be done using TF-IDF, Bag of Words, n-grams, and Word 
Embeddings [22]. However, these representations might not 
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be able to capture contextual variations, sarcasm, and 
negations. 

C. Ensemble Learning Strategies 

Ensemble Learning uses the output of various ML 
algorithms to mitigate the flaws of each classifier. There are 
techniques such as voting, bagging, boosting, random forest, 
and stacking that improve classification accuracy and 
stability. These techniques are particularly useful when there 
is noise or imbalance within text data in restaurant review 
datasets. 

D. Deep Learning-Based Sentiment Classification 

The dependence on manual feature creation was reduced 
once the age of DL arrived. Text reviews may help in 
automatically training useful representations for CNN, RNN, 
LSTM, and GRU. While CNNs can detect important local 
patterns as well as words containing sentiments, LSTM and 
GRU are particularly suitable for sequential data. 

E. Attention-Based Models 

This technique was particularly helpful because it helped 
models focus more on the important words or phrases that are 
included in the review, thus improving the process of 
sentiment classification. It is particularly important when it 
comes to restaurant reviews, where some phrases such as 
“tasty,” “slow service,” “high prices,” or “friendly staff” can 
have an impact on the overall feeling. 

F. Transformer-Based Approaches 

The introduction of transformers was a significant 
breakthrough in the field of sentiment analysis. Examples of 
such models include BERT, Roberta, Distil BERT, and 
domain-specific transformers that employ contextual 
embeddings to comprehend the connections between words 
better. What distinguishes transformers from previous 
sequence-based models is their ability to process context using 
self-attention mechanisms. 

G. Large Language Models (LLMs) for Restaurant 

Sentiment Analysis 

H. Opportunities and Future Research Directions 

 

Fig. 4. Future Research Opportunities of Sentiment Analysis 

Current studies have focused more on using LLMs for 
sentiment classification [23]. They facilitate zero-shot and 
few-shot classifications, and they also help in conducting 
other complex classifications like aspect-based sentiment 
analysis, explanation generation, and multilingual 

classification. Their ability to interpret complex natural 
language makes them promising for restaurant review 
analysis, although computational requirements, hallucination, 
reproducibility, and domain-specific reliability remain 
concerns. 

1) Low-resource sentiment preprocessing 
Future research opportunities (see in Figure 4) include 

low-resource language analysis, human-in-the-loop 
validation, robust models for noisy reviews, standardized 
benchmark datasets, and ethical, bias-aware frameworks for 
reliable and responsible sentiment classification. 

Data pre-processing refers to the preliminary operations 
performed on data before it is fed into DL models for learning 
inference and classification. In online chats, on platforms like 
Twitter and blogs, where slang, misspellings, and multilingual 
terms are common, it is crucial for enhancing text data [24] 
Nevertheless, several pre-processing steps are necessary to 
reduce morphological complexity, typographical 
inconsistencies, and noise in some low-resource languages. 

2) Human-in-the-Loop (HITL) Sentiment  
High-throughput (HITL) is an old concept. One previous 

use of paid feedback in crowdsourcing through Amazon Turk 
was to incorporate human input into computer-related 
processes in order to increase efficacy. Another case in point 
is the Pay-as-You-Go dataspace, where customers may 
provide input to help resolve entities that arise during data 
integration [25]. User Guidance, Few-Shot Learning Active 
Learning, and Transfer Learning all use the HITL concept. 

3) Ethical and Bias-Aware Sentiment Analysis 
Ethical and bias-aware sentiment analysis focuses on 

developing fair and responsible systems that minimize biases 
in restaurant review classification. Differences in languages, 
cultures, demographics, and writing styles may affect the 
model results [26]. Hence, it is crucial to apply various data 
sources, algorithm transparency, privacy protection, model 
assessment, and explainability to ensure reliable and unbiased 
sentiment analysis. 

IV. LITERATURE REVIEW 

A number of studies have explored the area of sentiment 
analysis models for predicting consumer opinions, especially 
restaurant reviews. 

Londhe et al. (2026) examine the performance of LSTM 
networks, Multinomial NBs, RNN and many more. It 
discusses how effective certain approaches are, for instance 
oversampling and ensemble approaches like Bagging, in 
dealing with class imbalance issues in restaurant review 
datasets. Additionally, the study evaluates the impact of word 
embeddings, specifically Glove, in improving sentiment 
classification accuracy. The results show that various models 
and methodologies perform significantly differently when 
used for restaurant sentiment analysis. This study offers 
insightful information on how to choose ML models and 
preprocessing methods for sentiment analysis in restaurant 
reviews [27]. 

K and Giri (2025) create a novel SA method with the 
intention of analyzing customer evaluations in light of their 
prior interactions. Customer attitudes about hotel services are 
analyzed using the SA technique to identify NR and PR 
remarks. Furthermore, approach analyzes texts and provides 
access to comments. The techniques evaluate the emotion of 
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large phrases and use SA to break them down into smaller 
ones, which are then categorized into NR and PR. An 
algorithm called MNB and another called BNB are used to 
implement it [28]. 

Abbas et al. (2024) provide a fresh method for detecting 
ACD in user restaurant reviews using Federated Learning. 
Accurate classification is accomplished by means of a 
federated DNN. The data was preprocessed using a variety of 
methods before the models were trained. This ensured that 
would have a reliable dataset for classification. In order to 
forecast models, clean and balance data, and extract TF-IDF 
features, the proposed approach employs Federated Learning. 
The suggested method was recommended due to its 
remarkable 88.38% accuracy for aspect category recognition, 
as seen in the testing results [29]. 

Zhu and Cao (2024) examine the use of self-attention-
augmented CNNs for the categorization of short texts and 
provide a dynamic fusion approach. In this study, the CNN 
and the self-attention mechanism are combined to enhance the 
model's global comprehension capabilities. The CNN is used 
to collect local characteristics, while the self-attention method 
highlights important semantic information. The classification 
performance is further enhanced by using a dynamic fusion 

technique that allows for the real-time adjustment of the fusion 
degree between CNN and the self-attention mechanism [30]. 

B. Sunarko, et al. (2023) used to arrange restaurant ratings 
on Google Maps according to many criteria, including 
"menu," "taste," "indoor atmosphere," and "outdoor 
atmosphere," among others. In all, 450 records are utilized by 
the dataset. The model utilized is BERT, which is constructed 
on transformer-based neural networks and has the ability to 
learn grammatical structures, comprehend semantics, and 
generate relationships among contextual objects. When it 
comes to accuracy, a score of 41.110/0 is far from satisfactory. 
For starters, the label annotations of the utilized data contain 
a multitude of errors. The part titled "Discussion and 
Conclusion" contains in-depth analysis." [31]. 

Pleerux and Nardkulpat (2023) used the VADER model to 
examine Pattaya City, Chon Buri, Thailand, restaurant 
reviews found on TripAdvisor. The results demonstrate that 
compared to normal circumstances, assessments were much 
lower and negative sentiments were more prevalent during the 
COVID-19 outbreak. The study's conclusions provide 
insightful information on consumer behavior and needs, 
enabling restaurant companies to improve service quality, 
meet customer needs, and make strategic plans for the post-
COVID-19 future [32]. 

TABLE I.  COMPARATIVE ANALYSIS OF EXISTING STUDIES ON RESTAURANT CUSTOMER REVIEW SENTIMENT ANALYSIS 

Author Objective Advantages Challenges Recommendation 

Londhe et 

al. (2026) 

To evaluate LSTM, MNB, RNN, 

and ensemble techniques for 
restaurant sentiment analysis, 

including oversampling and 

Glove embeddings. 

Compares multiple ML/DL 

models; addresses class 
imbalance; evaluates the 

usefulness of word embeddings 

and ensemble learning. 

Performance varies 

considerably across models; 
class imbalance affects 

classification effectiveness. 

Future studies should 

explore advanced 
transformer models and 

more robust imbalance-

handling techniques. 

K and Giri 

(2025) 

To analyse customer reviews and 

classify hotel service sentiments 

into negative and positive 
categories using sentence-level 

analysis. 

Handles long reviews by dividing 

them into smaller sentences; uses 

MNB and BNB for sentiment 
classification. 

Limited to relatively simple 

sentiment categories and 

traditional ML algorithms; 
contextual semantics may not 

be fully captured. 

Incorporate contextual 

embeddings and 

transformer-based models 
for more accurate sentiment 

and emotion analysis. 

Abbas et al. 
(2024) 

To detect aspect categories in 
restaurant reviews using 

federated deep learning. 

Combines data cleaning, 
balancing, TF-IDF, and federated 

learning; improves privacy while 

enabling distributed model 
training. 

Achieved 88.38% accuracy, 
indicating scope for 

improvement; TF-IDF may 

have limited semantic 
representation. 

Use transformer-based 
embeddings and advanced 

federated learning 

architectures to improve 
aspect detection. 

Zhu and 

Cao (2024) 

To improve short-text 

classification by combining CNN 

with self-attention and a dynamic 
fusion strategy. 

Captures both local features and 

important semantic information; 

dynamic fusion improves 
integration of CNN and attention 

features. 

Computational complexity 

may increase; approach is 

designed mainly for short-text 
classification rather than 

restaurant-specific reviews. 

Adapt the hybrid attention 

architecture to restaurant 

reviews and evaluate it 
against modern transformer-

based models. 

B. Sunarko 
et al. (2023) 

To classify Google Maps 
restaurant reviews into categories 

such as menu, taste, and 

indoor/outdoor atmosphere using 
BERT. 

Uses BERT for contextual 
semantic understanding; 

considers multiple restaurant-

related aspects. 

Low accuracy of 41.11%, 
mainly due to inaccurate label 

annotations; small dataset of 

450 reviews. 

Use a larger, better-annotated 
dataset and improve 

annotation quality before 

applying advanced models. 

Pleerux and 

Nardkulpat 

(2023) 

To analyse restaurant reviews 

from TripAdvisor using VADER 

and examine sentiment changes 
during and after COVID-19. 

Provides useful insights into 

customer sentiment trends and 

changing restaurant-service 
expectations. 

VADER is lexicon-based and 

may struggle with contextual, 

implicit, or domain-specific 
sentiments. 

Apply context-aware deep 

learning or transformer 

models to capture complex 
sentiment patterns more 

accurately. 

Research Gap: The comparative analysis in Table I 
shows that existing restaurant review studies have explored 
traditional ML, DL, attention-based, and transformer models. 
There are still challenges in dealing with class imbalance, 
contextual semantics, low annotated datasets, and multi-class 
sentiment classification. The traditional techniques include 
MNB, BNB, VADER, and TF-IDF but their context 
understanding is not good, and the state-of-the-art DL 
techniques do not have proper comparative analysis. 

Therefore, there is a need to come up with a strong method 
that addresses all the above problems. 

V. CONCLUSION AND FUTURE WORK 

The current review has analyzed how sentiment analysis 
has become an efficient instrument in order to analyze 
customer opinions within the restaurant domain. It is shown 
that restaurant reviews include a variety of information about 
food, service, atmosphere, price, and other characteristics that 
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may be used for the analysis of restaurant's performance. It is 
shown in the reviewed studies that there has been an evident 
trend of moving from traditional methods that rely on TF-IDF, 
NB, and other algorithms to more modern and complex 
methods, which rely on DL, attention mechanisms, 
transformers, and large language models. Nevertheless, the 
comparative analysis of the studies has revealed that there is 
no method that solves all problems of analysis. Such issues as 
class imbalance, sarcasm, aspect-level opinions, 
multilingualism, annotation quality, and limited datasets 
continue to be relevant for the classification process. In this 
way, the comparative analysis reveals that contextual models 
have a better potential to understand customer opinions, while 
traditional methods may be used in case the computational 
efficiency is necessary. 
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